We apply a logistic smooth transition market model (LSTM) to a sample of returns on Australian industry portfolios to investigate whether bull and bear market betas differ.
INTRODUCTION
The simple linear market model has long been used, in tests of the Capital Asset Pricing Model (CAPM), as a benchmark for the performance of mutual funds, and for the measurement of abnormal returns in event studies. See Fama and French (1992) , Sharpe (1966) and Fama et. al. (1969) for some examples. The stability of the beta coefficient in the market model over bull and bear market conditions is therefore of considerable interest since if beta does in fact differ with market conditions the single beta estimated over an entire period can result in erroneous conclusions in each case.
1 Direct evidence of the importance of the beta/market condition relationship issue is given by the fact that investment houses regularly publish separate alphas and betas over bull and bear markets, for a range of securities, to offer differing levels of upside potential and downside risk.
Many studies have investigated the relationship between beta risk and stock market conditions. These include studies of individual securities Francis (1977), Clinball et. al. (1993) and Kim and Zumwalt (1979) ), mutual funds (Fabozzi and Francis (1979) and Kao et. al. (1998) ), size based portfolios (Bhardwaj and Brooks (1993) , Wiggins (1992) and Howton and Peterson (1998) ), risk based portfolios (Spiceland and Trapnell (1983) and Wiggins (1992) ) and past performance based portfolios (Wiggins (1992) and DeBondt and Thaler (1987) ). While most of these studies have found evidence that beta varies with market conditions, this evidence is mixed and very weak.
Furthermore most of these studies used the dual beta market (DBM) model and simple tand F-testing method in conjunction with crude "up" and "down" market definitions of bull and bear markets to investigate this phenomenon. 1 In particular with regard to tests of the CAPM, Jagannathan and Wang (1996) , Kim and Zumwalt (1973) and Pettingill, Sundaram and Mathur (1995) each use a conditional CAPM to show that when beta is allowed to vary with market conditions, the importance of beta for explaining the cross-section of realized stock returns increases.
Contradicting the existing two-regime market models is the evidence of nonlinearities in stock prices and the evidence of asymmetric regime cycles found by various researchers.
The nonlinear behavior of stock prices has been related to various behavioral dynamics of investors. Some prominent behavioral dynamics discussed in the recent papers are:
Heterogenous objectives due to different risk profiles and different investment horizons
by Peters (1994) and Guillaume et. al. (1995) , Herd behavior by Lux (1995) and
Heterogeneous beliefs on the market conditions by Brock and LeBaron (1998) and Brock and Hommes (1998) .
There has been substantial divergence in the literature in the definition of bull and bear markets used in this context. Even with considerable refinement in the definition, almost all the existing definitions model the transition from bull to bear and vice versa as a discrete jump. Even the latest markov-switching model by Maher and McCurdy (2000) assumes the switch between regimes as abrupt. Such an assumption may contradict recent evidence of heterogeneous beliefs among investors. The transition is said to be abrupt when investors have homogeneous beliefs and they collectively switch from one market condition to another, as they share the same information. The homogeneous beliefs theory is hard to accept unless we believe in a strong form of efficient market theory.
The only study of beta nonstationarity over bull and bear markets, to our knowledge, that has used a continuously changing time varying parameter model is Chen (1982) .
In this paper we investigate this phenomenon with three main aims in mind. First, like others we wish to determine whether bull and bear market betas differ. Second, unlike others, we allow for the possibility that transition between regimes is gradual in order to address the heterogeneous beliefs theory and third, unlike others we allow the data to determine an appropriate value of the threshold parameter. With these aims in mind we apply a logistic smooth transition market model (LSTM) to a sample of returns on Coutts et. al. (1997) also used a logistic smooth transition framework to model beta nonstationarity in the market model.
Instead of a proxy for market conditions, as in our case, they use a polynomial trend as transition variable in an attempt to ascertain the timing of the changes in beta in response to major events.
In contrast to most other studies that have simply used the return on the market portfolio as transition variable, we use a rolling 12-month moving average of market returns to determine movement between bull and bear markets. This series is much smoother than the return on the market portfolio series itself. Therefore in this way, unlike others, we abstract from the small unsystematic and noisy movements to better capture long-run dependencies and drift in the data. 2 We choose to analyse industry portfolios for two reasons. First, financial analysts recognize that firms within an industry have many common characteristics such as their sensitivity to the business cycle, degree of operating leverage, international tarriffs, raw material availability and technological development. As a result the existence of an industry risk is recognized. Second, given that changes of individual betas within a portfolio tend to be offsetting, one can be more confident of the response of a portfolio beta to changes in market conditions than in the case of a single security beta.
Our nonlinear least squares (NLS) estimates indicate that for all industries transition between bull and bear market states is not smooth and gradual but rather abrupt. This result fails to support the heterogeneous beliefs among investors theory by Brock and LeBaron (1998) and Brock and Hommes (1998) . Further, the estimated threshold was negative for most industries and the bull and bear market betas were significantly different for all but two industries. Given that all prior research has arbitrarily imposed a nonnegative threshold value on the data, our finding that the threshold is in fact negative may be the reason for the unprecedented strength of our evidence of differential bull and bear market effects. Finally, we found that most industries spend the vast majority of their time in bull market states.
The plan of the paper is as follows. In section 2 we review the literature on definitions of bull and bear markets and describe the definition that will be used in this study. In section 3 we develop our model and describe the methodologies employed in the study. Section 4 discusses the data used and the results of our analysis, and section 5 finishes with some concluding remarks.
PHASES OF THE MARKET
The studies reviewed in section 1 either compared the market index to a critical threshold value to separate "up" from "down" market months, or defined markets as being either bull or bear using a trend based scheme. The "up" and "down" market scheme dichotomizes the market by comparing the market index to a critical threshold value.
Wiggins (1993), for example, defined up (down) months as months when the market return was greater (less) than zero. Bhardwaj and Brooks (1993) used the median return on the market portfolio as the demarcating value with which to separate bull from bear months. Wiggins (1992) and Chen (1982) defined up (down) markets as months in which the market excess return was greater (less) than zero. Finally, Francis (1977,1979) , in one of their three schemes, defined substantial up (down) months as months in which the return on the market portfolio was greater (less) than 1.5 times its standard deviation, thereby separating the market into periods when the market was substantially up or down or neither. Another, though very different, non-trend based way of defining the market is offered by Granger and Silvapulle (2002) who investigate the relative effectiveness of portfolio diversification over market phases. They separate the market into "bullish", "bearish" and "usual" using quantiles of the return distributions, and find that diversification is less effective in bear market states.
Several economists (e.g. Neftci (1984) and Skalin and Teräsvirta (2000) ) have suggested that monthly observations on changes in economic time series are noisy and therefore do not reveal the cyclical nature of the data. Cognizant of this fact, several studies have used a trend based approach in their analysis of market conditions. Francis (1977,1979) , for example, used the dates published in Cohen, Zinbarg and Zeikel (1973,1987) to place most months when the market rose into the bull category and market fall months as well as market rise months that were surrounded by falling months into the bear market category. In a similar vein, Gooding and O'Malley (1977) defined two pairs of non-overlapping trend based bull and bear phases. They used daily price changes of the S&P425 Industrial Index to determine months in which major peaks and troughs occurred. Finally, Dukes, Bowlin and MacDonald (1987) used the S&P500 Index, to define bull (bear) markets as periods in which the index increased (decreased)
by at least 20% from a trough (peak) to a peak (trough), to analyze the stability of the market model parameters.
More noteworthy are the recent studies by Pagan and Sossounov (2000) and Lunde and Timmermann (2001) , who each developed sophisticated trend based definitions of bull and bear markets that focus on systematic movements in the market while ignoring the short-term noise effects. Both papers define bull and bear markets in terms of movements between peaks and troughs, and use pattern recognition dating algorithms to classify bull and bear markets. Both papers found that bull markets tend to last longer than bear markets.
We also use a trend based definition of bull and bear markets in our analysis. To capture the cyclical movement underlying the highly erratic, volatile and noisy nature of the stock market, we use the 12-month moving average of the logarithmic growth of the All
Ordinaries Accumulation index to characterize the market 3 . In this way, like Pagan and
Sossounov (2000) and Lunde and Timmermann (2001), we intend to capture sustained periods of growth or contraction that are normally associated with the concepts of bull and bear markets. As will be discussed in section 4, the estimated value of the threshold parameter is approximately -0.002 for most industries. A look at Figure 1 reveals that by using the erratic return on the market as transition variable most researchers have implicitly assumed that the market jumps in and out of market phases rapidly and with frequent regularity. Our use of the smoother 12-month moving average of this variable, however, implies a smooth and gradual transition in and out of market phases as can be seen by the way this transition variable hovers around the typical threshold value -0.002, in Figure 2 . In support of our approach, as opposed to the simple up and down definitions discussed earlier, we note that Fama (1990) showed that the correlation between stock returns and real economic activity in the U.S.A. is much higher for annual than for monthly returns.
METHODOLOGY

THE LOGISTIC SMOOTH TRANSITION MARKET MODEL (LSTM)
An unconditional beta for any asset or portfolio can be estimated using the constant risk market model (CRM) regression:
where it R is the return on asset i for period t , mt R is the return on the market index for period , and
ε it is the disturbance term which has zero mean and is assumed to be serially independent and homoscedastic. Under this specification α i and β i are constant with respect to time.
A dual beta market model (DBM) can be specified as:
where D is a dummy variable defining up and down markets by taking the value 1 if the return on the market portfolio, t mt R exceeds some critical value c and zero otherwise.
Notice that in this specification the difference between the up and down market value of the slope coefficient is β i U Now consider the logistic smooth transition regression (LSTR) model, henceforth called the logistic smooth transition market (LSTM) model, which has (1) and (2) as special limiting cases:
, . (4) is a smooth continuous increasing function of
* t R and takes a value between 0 and 1, depending on the magnitude of (
the value of the transition function is 0.5 and the current regime is half way between the two extreme upper and lower regimes. When is large and positive is effectively generated by the linear model (
, while when ( is large and negative is virtually generated by 
C is the set of allowable threshold values. The final estimates of the parameters are: . Note that under the assumption that the errors are normally distributed, the resulting estimates are equivalent to maximum likelihood estimates. Further, Chan (1993) demonstrated that the
is consistent at the rate even if this assumption does not hold.
TESTS OF LSTM AGAINST LINEARITY
As mentioned in section 3.1, when γ approaches zero (3) becomes the CRM, thus implying that the constant risk market model is nested in the LSTM model. Thus a natural first step in specifying the model is to test for linearity against the LSTM form. If the null of linearity cannot be rejected we shall conclude that the constant risk market model adequately represents the data generating process. On the other hand, if linearity is rejected we go on to estimate the highly nonlinear LSTM form using the nonlinear least squares (NLS) method.
For cases when γ , the smoothness parameter, is very large, NLS estimates of γ can be very imprecise. When this happens, we estimate the virtually equivalent DBM using the sequential conditional least squares (SCLS) technique discussed above.
From (3) and (4) Petruccelli (1990) have shown that these tests are powerful in small samples when the true alternative is either the smooth transition regression or the abrupt regime switch form. Thus we can expect that in our case there will be reasonable power against the DBM as well. In this paper we will use the S , and statistics since though is not as powerful as or when the up market and down market intercept terms are the same it is generally more powerful if that assumption does not hold.
Another test of nonlinearity that will be used is Tsay's (1989) 
and the associated F-statistic F n n 
RESULTS
The data used in this study is the adjusted price relatives information on the 24 As mentioned in section 3, in order to justify the estimation of the nonlinear DBM or LSTM market model formulations instead of the simpler constant risk model we must find evidence of nonlinearity in the data. In Table 2 obtained from the recursively estimated models against the set of possible thresholds, and found that there was a very sharp and dramatic downward spike evident for each industry. Figure 3 illustrates this for the Building Materials (XBM) industry. The reason we chose to show this graph is that the null of linearity was not rejected for this industry and this graph is typical of all eight industries for which the null was not rejected. For the other 17 industries the downward spike was even more pronounced. Given this result and the fact that a Ramsey Reset test with the nonlinear terms as augmented variables indicated nonlinearity for all remaining eight industries and because several of the 8 industries for which linearity was not rejected the null was only a marginal non-rejection at the 10% level, we model all 24 industries as nonlinear.
We begin modelling the nonlinearity, assuming that transition between the two extreme regimes is gradual, using the LSTM form. The transition parameter, γ , in the estimated LSTM model is large, and imprecisely estimated for all 24 industries. The estimated values of this parameter ranged from a low of 118 to a high of 11,608. Therefore we do not report the results of our LSTM model estimations but instead choose to report the results of the optimal sequential conditional DBM estimations since the DBM representation is simpler and the parameters can be more accurately estimated using the associated closed form solution as opposed to the approximating search algorithm used to estimate the nonlinear LSTM form. Recall that the SCLS method is used to estimate the threshold parameter, c , consistently along with the other parameters in the DBM form.
The results are reported in Table 3 . We performed some residual diagnostics and although heteroscedasticity was present for all industries, we found only mild evidence of serial correlation. The heteroscedasticity has been accounted for using White's (1980) heteroscedasticity consistent standard errors.
Another interesting finding is that although not reported we replaced the 12-month moving average switching variable with other commonly used leading and coincident indicators of economic conditions and repeated the analysis. In particular, given the evidence in Resnick and Shoesmith (2002) and Estrella and Mishkin (1998) who found that when compared to other financial variables, the yield spread between the 10-year TBill and the 3-month T-Bill, comes out on top in predicting economic recessions, we used this as our switching variable. We also conducted the analysis using the WESTPAC leading and coincident indicators, Seigel's (1998) suggestion that the business cycle is a key determinant of stock values. For all three of these switching variables the results were qualitatively similar to the results using the 12-month moving average reported in this paper.
CONCLUSION
Research on the relationship between beta and market phase offers, at best, only weak evidence that security and portfolio betas are influenced by the alternating forces of bull and bear markets. Most of these studies however, have used the simple threshold DBM model in conjunction with crude "up" and "down" market definitions that involve comparing the return on the market to an arbitrarily chosen nonnegative threshold value, to arrive at their conclusions.
In this paper we reinvestigated this phenomenon. Using a trend based definition of bull and bear markets we tested for differential bull and bear market effects. In addition we investigated the extent to which the transition between regimes was smooth or abrupt. In this way we addressed the hypothesis of heterogenous beliefs among investors. We also let the data determine an appropriate value for the threshold parameter . To this end we estimated a logistic smooth transition market model which allows for smooth transition c between the two extreme regimes while allowing for both the constant risk and DBM models as special cases.
Our LSTM estimates indicated that transition is indeed abrupt for all 24 industries investigated. Thus we can say that investors switch from one regime to the next instantly in response to movement of the transition variable around the threshold value. This we conclude may be attributed to homogeneous beliefs among investors due to information symmetry. Because the estimated value of the smoothness parameter in the LSTM model was very large for all industries we estimated a DBM using the sequential conditional least squares (SCLS) method for each industry. We found that the up market and down market betas were significantly different in 22 cases out of 24 with the down market beta larger than the up market beta for 14 industries and the up market beta greater than the down market beta for 8 industries. This is an expected result given the theory and evidence in the finance literature. The consistently estimated value of the threshold parameter, c , was negative for 17 of the 24 industries, thus indicating that for most industries returns must be fairly poor before the market will react. This contrasts sharply with the assumption of a nonnegative threshold value that has been imposed in prior research. Our finding that the threshold is in fact negative may be the reason for the unprecedented strength of our evidence of differential bull and bear market effects.
Finally, consistent with Pagan and Sossounov (2000) and Lunde and Timmermann Vol. 7, S119-S136. 
